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Abstract

Sustained humanoid locomotion is bounded by progres-
sive torque degradation from motor heating, and failure
is driven by the unobservable winding temperature rather
than the measurable housing. First-order models can-
not represent the winding state, while standard second-
order LPTNs assume embedded winding sensors and treat
each actuator in isolation, both invalid on humanoid servo-
integrated actuators. We adapt the coupled second-order
LPTN with physically-informed regularizers derived from
non-destructive teardown of commercial servos and an
inter-motor coupling term for shared housings and PLA-
frame conduction, identified from only the integer-quantized
housing temperature. On the ToddlerBot platform with
30 actuators, the identified model recovers the unobserved
winding state with physically consistent behavior across
10 walk sessions. Lacking an embedded winding sensor,
we validate the estimate not by pointwise accuracy but
by physical consistency and by an independent resistance-
thermometry measurement on the load-bearing joints, pro-
viding a foundation for thermal-aware locomotion policies.

1. Introduction

Reinforcement learning has enabled humanoid robots to ac-
quire agile locomotion through large-scale simulation train-
ing [4, 21], but sustained real-world deployment exposes
a failure mode that standard physics simulators [14, 22]
do not capture: progressive torque degradation from mo-
tor heating. In humanoids that pack tens of compact actu-
ators into a single body [19], every step injects Joule heat
that monotonically shrinks the torque envelope through ris-
ing winding resistance [ 13, 20], directly bounding how long
a humanoid can walk before failure. Existing fault-tolerant
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control predominantly targets discrete events such as joint
locking via domain randomization [8, 11, 12], absorbing
thermal effects into a fixed derating coefficient [6, 20]
that erases actuator-specific physics. Motor-control estima-
tors [1, 9, 10] assume dedicated winding sensors, while their
robotics adaptations [7, 16] lean on single-actuator man-
ufacturer thermal constants, neither available on the com-
pact servo-integrated actuators here, where only an integer-
quantized housing temperature is exposed.

To account for these conditions, we adapt the cou-
pled second-order Lumped Parameter Thermal Network
(LPTN) [1, 15] with two practical adjustments tailored
to humanoid hardware. First, a physical prior on the
winding thermal capacitance is reverse-engineered from
non-destructive disassembly of commercial servos [18],
while the winding-housing thermal resistance is set to
a physically-consistent order of magnitude, together re-
placing the embedded-thermistor assumption this hardware
does not satisfy. Second, an inter-motor coupling term mod-
els shared mechanical housings (8 pairs in ToddlerBot [19])
and PLA-frame conduction between kinematic neighbors,
which standard single-motor LPTNs omit.

2. Thermal Parameter Identification

Model. Each actuator is a coupled second-order LPTN with
a winding (core) node and a housing node, augmented with
an inter-motor coupling term [1, 5, 15] (Fig. 1). The mea-
sured current /; and the temperature-dependent winding re-
sistance R ;(T,;) [18] inject Joule heating at the core,
which flows winding—housing—ambient 7;, with a board
term P, ;; the constitutive expressions appear in Fig. 1. The
inter-motor flux Qcpu adds a rigid housing-pair path (R, 4,
partner p(i)) and a PLA kinematic-neighbor path (R,
K; neighbors); because the neighbor housing Th’ N () €N-
tering this term is itself measured, the 30 per-motor fits
decouple and are solved independently [3, 19, 23]. Only
the housing 7} ; is measured while the winding T, ;
stays hidden, so the winding pole is unobservable from
housing data alone and a physical constraint is required
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Figure 1. Coupled second-order LPTN per actuator: Joule heat-
ing at the winding (core) node, driven by I; and Rﬁ,i(fw,i), flows
winding—housing—ambient (R h,i, Rha,:) plus two inter-motor
paths (housing-pair Rcp,;, PLA-neighbor Ry ;). Only T} ; is
measured; fw’i is hidden.
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Figure 2. Thermal history of one representative actuator (left hip
pitch, one walk session); only 73, is measured. The 2-LPTNpase
winding Tw collapses onto the housing trace (mean gap 0.7°C),
whereas 2-LPTN,.,s exposes a +22°C winding over-temperature
the housing misses.

to identify it; the free parameters per motor are 6, =
{Cw, Ch, Run, Rhay Py, Ren, Rck} (7 each, 210 total).
Per-motor identification. Each 0; is identified indepen-
dently by forward-integrating the LPTN to predict T}, ;(6;)
and minimizing

win & 35, 4(Thilk] = Ths(6: $)[K])* + AQ(0:), (1)
where N is the per-motor sample count, so both terms share
a common per-sample scale and a single weight A trades
data fidelity against the regularizer. The data-fit term is
the mean squared housing residual, and the Tikhonov reg-
ularizer Q(6;) supplies the missing physical constraint by
drawing the identifiability-critical subset {C\y,, Riyn, Rha}
toward physically-motivated references (motor mass, multi-
path conduction, a one-time cold-start; derived in Sec. 3);
the remaining parameters are bounded only, and trust-
region least-squares [2] converges in minutes.

3. Experiments

Data collection. The regularizer references are physically
grounded, not assumed: C,, from a non-destructive tear-
down [18], R,y to the order of magnitude of winding—

Table 1. Housing RMSE (avg/med/worst over 30 motors, 10 held-
out walk sessions) and peak winding 77, (legs, mean4std).

Model RMSE [°C] Peak T},
Avg. Med. Worst (legs) [°C]

1-LPTNpae 1112 602 60.31 -
I-LPTNg,,, 228 225 528 -

2LPTNpae 209 186 454  115+097
2LPTNpwe 230 217 475  80+29

housing conduction [1, 3], and R}, from a one-time cold-
start [23]. Models are identified on heated random excita-
tion and evaluated out-of-distribution on 10 held-out walk
sessions across the 30 actuators.

Quantitative results. In Tab. 1, 1-LPTNy,s (no inter-
motor coupling) is catastrophic (Avg. 11.1°C, Worst
60.3°C), confirming that coupling is essential on a dense
platform. With coupling, 1-LPTNg_, matches the hous-
ing well (2.28°C), and 2-LPTNy,,¢. attains essentially the
same housing accuracy (2.09°C); yet its winding state is
unconstrained, spreading to 115 £ 97°C with excursions
beyond 500°C, i.e. without {2 the winding pole is uniden-
tifiable. At matched housing accuracy (2.30°C, on par with
1-LPTNg_,,), € sharply contracts the winding estimate to
80 £ 29°C, a far more constrained hidden state than the un-
constrained baseline, at no cost in housing fidelity (Fig. 2).
The fitted inter-motor resistances separate by an order of
magnitude: motors sharing a housing (R., ~ 3 K/W) cou-
ple far more strongly than neighbors linked only through the
3D-printed PLA frame (R.; ~ 30K/W), consistent with
the platform’s construction [19] and confirming the cou-
pling term captures real conduction paths.

Independent validation. The winding—housing resistance
R, enters € only as an order-of-magnitude prior (~
25 K/W). On the high-load knee and ankle actuators, where
the resistive voltage drop dominates the back-EMEF, inde-
pendent resistance thermometry [17] (coil resistance from
the logged voltage and current with the back-EMF removed
using the rated motor constant, then converted to tempera-
ture via copper’s temperature coefficient of resistance; 247
windows) places R, near 10 K/W and gives a winding-
to-housing gap of up to 39°C, indicating that the recov-
ered state is physically real. Because R,,;, is not observable
from the housing, its prior leaves the housing fit essentially
unchanged (Wilcoxon signed-rank test, p = 0.17), so the
winding pole is limited by identifiability, not by data.

4. Limitation and future work

Because direct winding-temperature ground truth is un-
available, we evaluate physical consistency rather than
pointwise temperature accuracy. Our method is evaluated
in a single platform and policy, and cross-embodiment eval-
uation across robots and controllers remains future work.
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